Abstract-Electric vehicles (EVs) have been considered as a feasible solution to deal with the high fuel consumption and greenhouse gas emissions caused by conventional vehicles. However, long charging times and drivers' range anxiety are the main disadvantages of EVs. A key factor that is expected to mitigate these problems and facilitate the wide adoption of EVs will be the effective operation of fast charging stations (FCSs). In this paper, the operation of a FCS is evaluated, in terms of operator's profits and customers' waiting time in the queue. The FCS contains both dc and ac outlets that provide high power levels, while the various EV models are classified by their battery size and the fast charging option they use (dc or ac). The operator's daily profits and the queue waiting time are initially computed by considering that the EVs recharge under a flat-rate pricing policy. In order to avoid a long queue build-up at the FCS, a new pricing policy is then proposed. The intuition behind the scheduled pricing policy is that users are deterred to charge more than an arranged energy threshold, thus reducing the load and the waiting time at the FCS.
Performance Evaluation of a Multi-Standard Fast
Charging Station for Electric Vehicles I. INTRODUCTION E LECTRIC Vehicles (EVs) are an emerging technology that will bring major changes in the transportation and energy sectors. Due to their high energy efficiency and zero tailpipe emissions, EVs represent a promising pathway to increase energy security and reduce air pollution, especially when they are coupled with a low-carbon power generation mix [1] . In 2015, the global EV stock exceeded one million, while the target for 2020 has been set to 20 million EVs [2] . The role of Electric Vehicle Supply Equipment (EVSE) in achieving these targets will be decisive. EVSE facilities are classified into three types depending on the power level they provide. Types 1 and 2 are appropriate for workplaces, parking lots and residencies, since the charging duration under these power levels ranges between 1-36 hours. On the contrary, the charging duration using type 3 fast charging equipment ranges between 0.2-1 hour [3] .
The wide deployment of Fast Charging Stations (FCSs) is crucial, especially in densely populated areas, where the majority of the EV users may not have access to night-time charging at home. Furthermore, FCSs are considered as an effective solution for mitigating drivers' range anxiety [4] . For this reason, the majority of EV models contain fast charging inlets; Nissan Leaf and Mitsubishi i-MiEV are equipped with the CHArge de MOve (CHAdeMO) inlet, while BMW i3 and Volkswagen are equipped with the Combo inlet [5] . Both CHAdeMO and Combo inlets operate with DC power. On the other hand, other EV models, such as Renault Zoe, use AC power for fast charging [6] .
The projected high penetration levels of EVs and the necessity for wide deployment of fast charging facilities will introduce large loads on the power grid [7] . Furthermore, the EVs' fast charging duration is long when compared to the duration of refilling conventional vehicles. This may lead to the formation of queues and long delays [8] . It is therefore crucial to develop realistic and accurate models that estimate the charging load of EVs and evaluate the level of services provided by FCSs. Equally important is the determination of charge scheduling policies in order to mitigate the negative impacts of the additional EV load on the grid, such as deterioration of power quality, transformer overloads, peak load increase, etc. Charge scheduling policies are also important for FCS operators, the main concerns of which are to achieve considerable profits, while providing high Quality of Service (QoS) to their customers.
There are several studies in the literature that analyze the operation of FCSs based on queuing theory models. Li and Zhang [9] derive the overall charging load of Plugin Hybrid EVs (PHEVs) in a FCS and examine the impact of uncontrolled EV charging on the distribution grid by performing Probabilistic Power Flow Calculations (PPF). Gusrialdi et al. [8] propose a higher level distributed scheduling algorithm together with a lower level cooperative control policy for individual EVs in order to optimize the operation of a network of FCSs on a highway. The proposed methodology aims at adjusting the percentage of the EVs to be charged at individual FCSs so that all the FCSs are uniformly utilized and the total waiting time is minimized. The works in [10] - [12] consider the operation of networks of FCSs where each station draws a certain amount of power form the distribution grid. This configuration assures the reliable operation of the grid, however when the EVs' charging demands are higher than the available power, an amount of customers is blocked. In order to mitigate this problem, Bayram et al. [10] introduce a decentralized control mechanism where the network operator offers price incentives, so that customers accept being routed to stations less busy than others. In this way more customers are served with the same amount of grid resources and the revenue of the operator is maximized. A pricing based control mechanism is also proposed in [11] aiming at ensuring that only a small percentage of EVs is blocked. This is achieved by incentivizing EV drivers to shift their charging requests from peak to less congested periods. The charging management scheme proposed in [12] targets the reduction of customers' blocking probability by motivating EV drivers who are blocked by their preferred station to visit a nearby station which provides lower power levels. A common feature of the aforementioned studies is the simplified approach adopted for modeling the EVs' charging time, which is assumed to be an exponentially distributed random variable depending only on the charging power level.
On the contrary, a more sophisticated approach is adopted in [13] and [14] , where the EVs' charging time depends not only on the power level, but also on the arrival State of Charge (SoC) of the EVs' batteries, which is a generally distributed random variable, and on the departure SoC of the batteries. Specifically, Fan et al. [13] model a FCS as an M/G/s/K queue and derive the operator's profits, as well as the customers' mean waiting time in the queue and blocking probability. Nevertheless, the aforementioned analysis considers that only one EV class is served by the FCS (all EVs have the same battery size). The concept of classifying EVs by their different battery sizes is incorporated in [14] , where a FCS is modeled as a multi-class M/G/s queue. This model is used for the calculation of the maximum arrival rate capacity of a FCS, subject to a maximum queue waiting time value. Both of the aforementioned studies consider that EV drivers' intention is to recharge their batteries up to the maximum possible departure SoC level. However, this in not a realistic approach, since EV drivers may not always fully recharge their batteries, like drivers of conventional vehicles who do not always full their tanks. Instead, it is reasonable to assume that EV users will obtain the amount of energy required so as to satisfy their preferences or/and estimated needs. This issue is taken into account in [15] , where the EVs served by a FCS located on a highway are assumed to increase the mean SoC of their batteries by 50%, since this amount can last for the one-way trip to the final destination. Despite this realistic approach, only one EV class is considered in [15] , while the FCS is modeled as an M/M/s queue, which implies that the SoC increase is an exponentially distributed random variable.
In this paper, a more holistic approach is adopted for the derivation of the EVs' recharging patterns compared to [15] . The increase of the batteries' SoC is considered to be a random variable that may follow any possible distribution function. This consideration enables the utilization of real-case statistical data regarding the amount of energy obtained during a fast charging session, such as the data presented in [16] . It also leads to a more flexible analysis because the EVs are not necessarily assumed to fully recharge their batteries as in [13] and [14] . Furthermore, EVs are classified not only by their battery size, but also by their fast charging option (DC or AC). This issue is neglected in the existing literature, although there are multi-standard Charging Spots (CSs) which contain a CHAdeMO, a Combo and an AC outlet in the same cabinet [17] . Based on the aforementioned novelties, we model a FCS as two multi-class M/G/s queues (one for the AC and one for the DC charging queue), in order to calculate the operator's overall daily profit margin, the EVs' mean waiting time in each queue and the tail of the queue waiting time. Those metrics are initially derived under the assumption that a Flat-rate Pricing Policy (FPP) is implemented during the entire duration of the day. Under the FPP, the amount of energy obtained by the EVs is likely to be high because it is mainly determined by the drivers' preferences, rather than actual needs. In turn, this may lead to long waiting times in the queue, especially during peak traffic periods. The flat fee per obtained kWh pricing scheme is used in this paper as a baseline policy, since it is one of the most prevalent pricing policies in the existing market of fast charging services [18]- [21] , while it also indicates the upper bound of the queue waiting time. A different pricing policy is also proposed, where the FCS operator sets energy thresholds and increases the price per obtained kWh for those customers that request amounts of energy greater than the arranged thresholds. The proposed Scheduled Pricing Policy (SPP) is activated during parts of the day where the load of the FCS is high and the queue waiting time rises to unacceptably high levels. The accuracy of the proposed analysis is evaluated through extensive simulations, which show a close agreement between analytical and simulation results. This paper is organized as follows. In Section II, we derive the FCS operator's daily profit, the EVs' mean waiting time in the queue and the tail of the queue waiting time under the FPP. In Section III, we formulate the SPP and present the analysis of the FCS when the FPP or the SPP are activated during different parts of the day. In Section IV we evaluate the operation of the FCS and the effectiveness of the SPP by providing numerical examples. We conclude in Section V.
II. FCS OPERATION UNDER THE FPP
We consider a FCS that contains s multi-standard CSs and is located in a densely populated area. Each CS is equipped with a CHAdeMO and a Combo outlet that provide the same power P DC , as well as with an AC outlet that provides P AC . According to the technical specifications of the CSs [17] , CHAdeMO and Combo outlets of the same CS cannot operate simultaneously. On the contrary, the simultaneous operation of the AC outlet with one of the DC outlets is feasible. For this reason, the EVs that request service by either a CHAdeMO or a Combo outlet form a DC queue, while the EVs that request service by an AC outlet form a separate AC queue. In what follows, the EV classes and their recharging patterns under the FPP are initially defined. Afterwards, the system's load and the operator's daily profit margin are determined given that the EVs' arrival rates vary during a day. Finally, the EVs' mean waiting time in the queue and the tail of the queue waiting time are calculated. In the rest of Section II the operation of the DC system is thoroughly analyzed; due to the fact that the analysis of the AC system follows a similar process, the derivation of the AC performance metrics is described in a more synoptic manner.
A. EVs' Recharging Pattern and Charging Time Distribution
The EVs served by the DC outlets are divided into C DC classes, based on their battery size, B c with c = (1, 2, . . . , C DC ). The amount of energy E c that a c-class EV obtains is:
( 1) where SoC c is the increase in its battery SoC during the charging session. Under the FPP, the amount of energy EVs obtain depends only on the drivers' preferences and/or estimated needs, since the price does not alternate with the amount of the obtained energy. Therefore, SoC c is considered to be a random variable that follows a general Cumulative Distribution
, with a corresponding Probability Distribution Function (PDF) f c (x). In practice, SoC c ranges between a minimum and a maximum value SoC c,min and SoC c,max , respectively. Therefore,
Considering a constant power level P DC during EVs' fast charging [22] , the charging time T c of a c-class EV is:
Based on (2), T c is also a random variable, with a minimum value T c,min = SoC c,min (B c /P DC ) and a maximum value T c,max = SoC c,max (B c /P DC ). The CDF of T c is derived by the following relation:
where x c (t) = (P DC /B c )t. Furthermore, the PDF g c (t) and the mean m c of T c are respectively obtained as follows:
B. FCS Load and Operator's Daily Profit Margin
We consider that the EVs of each class arrive at the FCS following a Poisson process, while the arrival rates of the EV classes may differ during a day, depending mainly on the traffic. For example, the expected arrival rates may be higher during afternoon when people return from their jobs and the traffic is heavy, compared to the arrival rates at night when the majority of people are in their homes and the traffic is lighter. Hence, the mean arrival rate of c-class EVs during a time interval I δ of duration τ δ is denoted as λ c,δ , while the load of c-class EVs during the same interval is defined as:
In a multi-class queuing system where the arrival process of each class is Poisson, the superposed arrival process is also Poisson [23] . The aggregated arrival rate at time interval I δ equals the sum of the arrival rates of each EV class:
For the same reason (Poisson arrivals), the total load of the system equals the sum of the loads of each EV class [23] :
The total load of the system a δ represents the mean number of busy CSs in the steady state condition of the system [24] . Accordingly, a c,δ represents the mean number of CSs occupied by c-class EVs at time interval I δ . Therefore, the mean power charged to the EVs during an interval I δ is calculated by multiplying the mean number of occupied CSs a δ by the power output of each CS:
while the mean energy provided to the EVs is obtained by:
Under the FPP, the operator charges the served EVs with a constant price R, hence, its revenue during the interval I δ is:
In order to compute the operator's expenses (cost of supplied energy) during the same interval, we make the following con-
During these time-slots, the price R h that the FCS operator buys energy is constant. The operator's expenses are then determined by the following relation:
which expresses the sum of products of the mean charging energy during each time slot by the energy price. Relations (11) and (12) compute the operator's revenue and expenses during a time interval I δ . By assuming that a day consists of time intervals, the operator's daily revenue and expenses for the DC system are respectively obtained as follows:
Given the battery sizes, the recharging patterns and the arrival rates of the AC classes, as well as the power rate of the AC outlets, the daily revenue RVN AC and expenses EXP AC for the AC system are calculated by following the same process ( (1)- (14)). Furthermore, the operator's overall profit margin is expressed as the normalized profit:
C. EVs' Waiting Time in the Queue
In this section, the process followed for the derivation of the mean waiting time and the tail of the queue waiting time in the DC system is described in detail, while the derivation of the corresponding AC metrics is described in a more synoptic manner in the end of the section. The EVs' mean waiting time in the queue in a multi-class M/G/s system is determined based on the analysis presented in [14] . The first and foremost step is to derive the CDF of the superposed charging time of the system T δ :
where k c,δ = λ c,δ /λ δ denotes the probability that a c-class EV enters an arbitrary CS. The the mean m δ and the coefficient of variation v δ of the superposed charging time distribution are then derived as follows:
Furthermore, the utilization rate of the system is:
Note that for a queuing system to have a finite queue in steady state, ρ δ < 1 is a necessary condition. The determination of the aforementioned parameters enables the computation of the EVs' mean waiting time in the multi-class queue by using an approximation method for a single-class M/G/s system analyzed in [25] . Specifically, (20) approximates the mean number L δ,M/G/s of customers waiting in the queue in an M/G/s system by using: i) the mean number of customers waiting in the (20) where L δ,M/M/s is computed by (21) and L δ,M/D/s is approximated through (22)- (25):
Finally, the mean waiting time W δ of customers in the queue during the interval I δ is computed using Little's law [24] :
Besides the mean waiting time in the queue, an additional criterion for assessing the effective operation of a FCS would be the tail of the queue waiting time, which denotes the probability that customers' waiting time in the queue T Q,δ is longer than a predefined time period T L . This probability is approximated through the following relation, by incorporating the superposed multi-class metrics m δ , ρ δ and a δ into the single-class analysis of [25] :
where Q(s, ρ) and O G,δ are derived as follows:
The mean waiting time and the tail of the queue waiting time for the AC system are calculated through (16)- (29) by applying the battery sizes, the recharging patterns and the arrival rates of the AC classes to (1)-(8).
III. SCHEDULED PRICING POLICY
The queue waiting time depends on the EVs' arrival rates and charging times. Taking into account that the FCS is located in a densely populated area, the EVs' arrival rates are expected to be high, especially during peak traffic hours. Furthermore, the charging times depend on the amount of energy obtained during a charging session. Tal et al. [26] report that the EV drivers usually overestimate their energy needs. Moreover, under the FPP, the amount of obtained energy is likely to be high because it is mainly determined by the drivers' preferences or/and overestimated needs, rather than actual needs. Therefore, the queue waiting time may rise to unacceptably high levels. In this section we consider that there is a subset { } ∈ { } of time intervals I ω , ω ∈ { } during which the waiting time W ω is higher than a maximum allowed for QoS satisfaction limit W Q . Over these time intervals the operator activates the SPP, which aims at reducing the system's load and queue waiting time by affecting both the EVs' arrival rates and recharging patterns.
The main feature of the SPP is that the FCS operator sets various energy thresholds E thr,j (j = 1, 2, . . . , J) for all EVs, which correspond to thresholds in the change of SoC of cclass EVs SoC c,thr,j = E thr,j /B c . SPP dictates that the EVs are allowed to obtain up to E thr,j kWh at the same price R as in the FPP. However, in case they request to get more than E thr,j , they are charged with a higher price R j >R. The operator determines the E thr,j values depending on the level of the queue waiting time. Specifically, when the waiting time lies on the range W l,j < W ω ≤ W l,j+1 , the activated energy threshold is E thr,j . As shown in Fig. 1 , higher waiting time levels correspond to the activation of lower energy thresholds. The consideration of multiple thresholds minimizes the effect of an abrupt energy reduction that could result in significant decrease in customers convenience and comfort. Furthermore, the minimum value of the selected energy thresholds E thr,J can be determined by taking into account statistical data for the EVs' mean covered distance between two consecutive charging events [27] . The aforementioned selection reflects the operator's intention to promote a more sensible recharging pattern during peak traffic periods. In order to derive the queue waiting time and the operator's profit under the SPP, we divide each EV class into 3 additional subclasses c 1 , c 2 and c 3 . The rationale of this division, the determination of the arrival rate, as well as the derivation of the recharging pattern and charging time distribution of each subclass are presented in the following analysis, which refers to the DC system. The same process can be used for the analysis of the AC system.
A. SPP Subclasses
Under the SPP, the division of each EV class to 3 subclasses is necessary, due to the fact that the price change may affect the number of the EVs that will enter the FCS and the amount of energy they will eventually obtain. The proportion of c-class EVs that would request more than E thr,j kWh under the FPP is computed by the integral c,j = SoC c,max SoC c,thr,j f c (x)dx. Due to the price increase under the SPP, we assume that a percentage of those EVs c,j quit the FCS without recharging, while a percentage c,j decide to obtain exactly as much energy as the operator's threshold, in order to avoid the higher price.
Subclass c 1 consists of the remaining N c1,j = c,j (1 − c,j − c,j ) percentage of EVs which, despite the price increase, request the same amount of energy as in the FPP because it is necessary for reaching their destination. It should be noted that the proposed SPP dictates that if the EV drivers charge more than the arranged energy threshold, then they have to pay the higher price R j for each kWh obtained. Hence, since subclass c 1 drivers decide to charge their EVs under a higher price (because they need more energy for reaching their destination than the arranged threshold), it is considered that they are not strongly motivated to change their recharging pattern. Therefore, the arrival rate of subclass c 1 EVs is λ c1,ω,j = N c1,j λ c, Subclass c 2 consists of the proportion N c2,j = c,j c,j of the EVs that decide to obtain exactly E thr,j kWh. For these EVs, it is assumed that requesting more than E thr,j kWh is not indispensable; they can satisfy their urgent needs by obtaining as much energy as the arranged threshold. The arrival rate of subclass c 2 EVs is λ c2,ω,j = N c2,j λ c,δ , while their recharging pattern and charging time CDF are denoted, respectively, as:
The Having determined the arrival rate and the charging time distribution of each subclass, the mean and the tail of the queue waiting time under the SPP can be derived by following the procedure described in Section II-C.
B. Daily Profit Margin When the SPP Is Activated
In the following analysis we derive the operator's revenue and expenses during a time interval I ω where the SPP is activated, and the operator's daily profit margin. Under the SPP, the EVs that belong to subclasses c 1 recharge at price R j , while the EVs that belong to subclasses c 2 and c 3 recharge at price R. Furthermore, as it is noticed in Section II-B, the load of each class (or subclass) represents the mean number of CSs occupied by the EVs belonging to this class (or subclass). Hence, the amount of energy provided to the EVs at price R j during each I ω is:
while, the energy provided to the EVs at price R is:
Therefore, the operator's revenue during I ω under the SPP is:
while the daily revenue for the DC system is obtained by:
where the two summations correspond to the operator's revenue during the time intervals that the FPP or the SPP is activated, respectively. The operator's expenses during a time interval that the SPP is activated is computed by:
Note that (40) has the same form with (12); the only difference is that P V,δ (the power charged to the EVs under the FPP) is replaced by the power charged to the EVs under the SPP:
Hence, the operator's daily expenses for the DC system when the SPP is activated during the intervals I ω and the FPP during the intervals I δ , δ ∈ { } − { } is determined as follows:
For the AC system, the operator's daily revenue RVN AC and expenses EXP AC when the SPP is activated during specific parts of a day are calculated by following the same process. The SPP is applied when the queue waiting time is unacceptably high, while the arranged energy thresholds depend on the level of the waiting time. Therefore, the times of SPP activation and the arranged energy thresholds for the AC system may be different than those for the DC system. Finally, the total daily profit margin of the operator is computed by the following relation:
IV. PERFORMANCE EVALUATION
In this section, we evaluate the operation of a FCS that consists of s = 5 multi-standard CSs. The power output of the DC outlets is P DC = 45 kW, while the power output of the AC outlet is P AC = 43 kW [17] . We also consider the 4 most popular EV models of the Spanish market, which are: Nissan Leaf (battery capacity: B 1 = 24 kWh, fast charging option: DC), BMW i3 (B 2 = 18.8 kWh, DC), Mitsubishi i-MiEV (B 3 = 16 kWh, DC) and Renault ZOE (B 1 = 22 kWh, AC) [28] . Given the fast charging option and the battery capacity of these EV models, the DC system consists of C DC = 3 EV classes, whereas the AC system consists of C AC = 1 EV class.
The operation of the FCS is evaluated during a day, which is considered to be divided into = 3 Time Intervals (TI) I 1 = 16.00−22.00, I 2 = 22.00−08.00 and I 3 = 08.00−16.00. The FCS operator is supplied energy from a Spanish energy retailer [29] . Table I summarizes the number of time slots Z h each TI contains, and the price R h of the supplied energy during these time slots. Furthermore, each TI is characterized by a Poisson procedure for the EV arrivals; Table II presents the mean arrival rates of the EV classes for each TI expressed in number of EVs per hour. It is assumed that during I 1 the traffic is heavy (a great number of people returns from their jobs), and therefore the arrival rates are high. In contrast, during night hours I 2 , the traffic is light, and hence the arrival rates are considered to be low. For the third time interval I 3 , which corresponds to working hours, the arrival rates are assumed to take intermediate values. Given that Leaf is the most popular EV model, its arrival rate is used as reference for the computation of the arrival rates of the other EV models. To this end, λ 1 takes integer values, while the arrival rates of the other EV models are computed by dividing their population by the population of Leaf [28] . Note also that λ DC,δ represents the superposed arrival rate of the whole DC system, and is computed through (7), while λ AC,δ tackles the arrival rate of Zoe, which is the only AC class.
When the FPP is activated during the whole day, the FCS operator charges the served EVs with a constant price R. In this case, we consider that the EVs' recharging patterns f c (x) with c = 1, 2, 3, for the DC system and c = 1 for the AC system follow the Beta PDF. The aforementioned PDF is appropriate for modeling random variables that are limited to intervals of finite length [30] Table III corresponds to the mean energy obtained by the Leaf drivers during a fast charging session (9.3 kWh [16] ). Due to lack of data regarding the other EV classes, it is considered that they also obtain 9.3 kWh on average during a fast charging session. The resulting recharging patterns of the three DC classes are shown in Fig. 2 . Given the recharging patterns, Table III also presents the corresponding mean charging times of the EV classes, which are calculated based on the analysis of Section II-A. Furthermore, the analysis of Section II-B can be used for the determination of R given the operator's desirable profit margin . Based on the energy tariffs (Table I) , the EVs' arrival rates (Table II) and mean charging times (Table III) , as well as a desirable daily profit margin of = 30%, the price is computed to be R = 0.146(A C/KWh).
In what follows, we present analytical and simulation results for the EVs' mean waiting time in the DC and AC queue, as well as the tail of the queue waiting time when the FPP is implemented. Recall that the tail of the queue waiting time denotes the probability that the customers' queue waiting time will be longer than a specified time period T L . For the present numerical evaluation we assume that T L = 4 min. Table IV compares the results of our multi-class M/G/s model with the M/M/s model in [15] . For a fair comparison of the two models, the recharging patterns of the EV classes in the M/M/s case are considered to follow the exponential distribution with the same mean SoC c values as in Table III . Furthermore, in both cases, the EVs' arrival rates are given in Table II . The simulation results are obtained by our EV simulator that considers the same arrival and charging procedures with the corresponding analytical models. For the derivation of the analytical results, the arrival rates λ DC,δ and λ AC,δ are mapped to utilization rate values ρ DC,δ and ρ AC,δ , respectively, by using (19) . Table IV also contains the coefficient of variation of the superposed charging time distribution v δ , which is derived through (18). The results prove the high precision of our model, since the difference between analysis and simulation is less than 1%. Furthermore, the results indicate that the M/M/s model overestimates the queue waiting time. This is because the sensitivity introduced by v δ is not taken into account. In the M/M/s model v δ = 1, by definition. Another advantage of our model is the utilization of real-case statistical data for the EVs' recharging patterns [16] , which is not possible when the M/M/s model is applied.
We proceed by assessing the effectiveness of the proposed SPP in terms of EVs' waiting time reduction. As shown in Fig. 3 , we consider that the FCS provides qualitative services when the EVs' mean waiting time in the queue is less than W Q =2min. Based on this QoS criterion and the results presented in Table IV , the AC system operates effectively when the FPP is implemented during the entire duration of the day. On the other hand, the EVs' mean waiting time in the DC queue exceeds the targeted value during I 1 . The FCS operator can activate the SPP during this specific interval in order to reduce both the EVs' mean waiting time in the DC queue (W DC,1 ) and the tail of the queue waiting time (P(T Q,1 > T L )).
Figs. 4 and 5 evaluate the effectiveness of the proposed SPP versus the parameters c,j and c,j . Recall that c,j denotes the amount of the EVs of each class that quit the FCS without recharging, while c,j denotes the amount of the EVs of each class that decide to obtain as much energy as the selected energy threshold. Since the queue waiting under the FPP is 3 mins., the selected energy threshold according to Fig. 3 is E thr,1 = 11 kWh. For presentation purposes, we assume that 1,1 = 2,1 = 3,1 = 1 and 1,1 = 2,1 = 3,1 = 1 . The case where 1 = 1 = 0 corresponds to the queue waiting time when the FPP is applied. However, as the amount 1 of the EVs that decide to obtain less energy under the SPP compared to the FPP case increases, the queue waiting time is reduced. This is due to the decrease of the system's superposed charging time which based on (19) leads to lower utilization rate values. The utilization rate and the queue waiting time are further reduced with the increase of 1 , which reflects the EVs' arrival rate reduction.
Next, it is considered that the EVs' arrival rates are 10% higher than those presented in Table I , which result in a queue waiting time during the interval I 1 , W DC,1 = 5.7 mins. In this case, the operator sets the energy threshold to be equal to its minimum value. Specifically, it is considered that the E thr,2 value is selected by taking into account the EVs' mean traveled distance between two consecutive charging events and the energy consumption of the EV class with the largest battery capacity. In [27] , the mean traveled distance is reported to be 45 km, while the average energy consumption of a Leaf EV according to real-case tests is 0.2 kWh/km [31] . By multiplying the aforementioned quantities, the energy threshold is set to be equal to 9 kWh. Fig. 6 evaluates the effectiveness of SPP for this energy threshold. The aforementioned case studies prove that given the expected level of the queue waiting time, under the FPP, the operator can effectively reduce it to acceptable limits by activating the SPP and by appropriately selecting different energy thresholds.
We now proceed to the determination of the operator's daily profit margin when the SPP is activated during the interval I 1 and the FPP during the intervals I 2 and I 3 . It should be noted that the EVs' arrival rates are assumed to be equal to the values provided by Table II , and hence the energy threshold is E thr,1 = 11 kWh. We also consider that under the SPP, the price R 1 for those EVs that obtain more than E thr,1 = 11 kWh is set to be 5% higher than R. Fig. 7 presents the It is observed that the activation of the SPP leads to higher profit margins, compared to the case where the FPP is activated during the whole day. On the one hand, this is because the operator charges the EVs that obtain more than E thr,1 kWh, i.e., those belonging to subclasses c 1,1 , with a higher price. On the other hand, it is also observed that gradually rises with the increase of the EVs 1 that quit the FCS. This outcome can be interpreted as follows: greater values of 1 correspond to lower amount of energy drawn by the EVs during I 1 . This, in turn, leads to both lower operator's revenue and expenses. Despite the decrease in revenue, the fact that the operator buys energy at a higher price over the interval I 1 , compared to the intervals I 2 and I 3 (Table I) , combined with the decrease in the energy need to be bought during this specific interval, result in higher daily profit margins.
The aforementioned outcome is derived when the activation of the SPP coincides with the peak energy price period (Table I) . We also consider another case study where the SPP is activated during the interval I 1 , but the operator buys energy at a constant price during the whole day. As Fig. 8 shows, in this case, the profit margin is higher than = 30% (profit margin when the FPP is applied during the whole day) as far as there are EVs belonging to subclasses c 1,1 ( 1 + 1 < 1). This is because those EVs obtain more than E thr,1 kWh, and hence they are charged with a higher price when the SPP is activated.
The scenarios examined in this section refer to the operation of a single FCS, which consists of 5 CSs. Next, we consider that the same operator owns two additional neighboring FCSs, consisting of 4 and 8 CSs, respectively. It is also assumed that the arrival rates of the former (4 CSs station) are 40% lower, while the arrival rates of the latter (8 CSs station) are 40% higher than the arrival rates presented in Table II . In this new case study, it is considered that the EV drivers visiting the initial FCS have three choices; a) charge up to E thr,1 at price R, b) charge more than E thr,1 at price R 1 , or c) visit one of the neighboring FCSs and obtain as much energy as they want at price R. For this new case study, the performance of the two additional FCSs when all customers quit the initial FCS ( 1 = 1) seeking for being served to the neighboring stations is evaluated. Fig. 9 presents the queue waiting time during the interval I 1 versus the parameter U, which denotes the percentage of EVs that leave the initial FCS and join any of the additional FCSs. As Fig. 9 indicates the small FCS can accommodate up to 25% of the drivers coming from the initial station, while the large FCS can accommodate up to 75%. Hence, by optimally routing the EV drivers with high energy needs to the proper stations, the operator can keep the queue waiting time in all stations lower than the QoS criterion.
V. CONCLUSION
We analyze the operation of a Fast Charging Station (FCS) for Electric Vehicles (EVs) and we propose a new model that considers that two queues are formed, since the FCS consists of multi-standard Charging Spots(CSs) that can simultaneously serve EVs requesting DC or AC power. The various EV models are divided into classes based on their battery size and their fast charging option (DC or AC). The proposed model takes into account the EVs' arrival rates and recharging patterns, and determines the mean waiting time in each queue, the tail of the queue waiting time, as well as the operator's expected profits. Under the assumption that the EVs are allowed to obtain as much energy as they want at a flat-rate price, the queue waiting time may rise to unacceptably high levels during peaktraffic hours. The FCS operator can mitigate this problem by providing financial disincentives to those EVs that want to charge more than fixed energy thresholds. The activation of the proposed Scheduled Pricing Policy (SPP) during peak-traffic periods leads to not only lower queue waiting times, but also higher profits margins for the FCS operator.
The present work evaluates the performance of a single FCS in terms of customers' Quality of Service (QoS) and operator's profits. In our future work the proposed model will be used in order to analyze the impact of multiple FCSs on the distribution grid, as well as the participation of the FCS operators in demand response schemes. In this scenario technical objectives (load variance minimization, voltage quality) will be taken into account, together with financial and QoS objectives, for the optimal charging management of EVs.
